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Abstract  
 
This study applies and extends the methodology developed by Guzman and Stern (2015) 
to estimate the quality of entrepreneurship in India, using government census data for 
the universe of 1,542,555 registered companies with known founding dates, spanning all 
29 states in India. To our knowledge, this is the first study of its kind to quantify and 
characterize the quality of entrepreneurship in India based on defined growth outcomes 
and firm characteristics at the time of founding. For purposes of this study, we define 
two classes of growth outcomes: attaining a “public” corporation status within defined 
timeframes after founding (5- years, 10-years, and 15-years), and achieving a set annual 
employee growth rate. Using predictive analytics, we estimate the probability of firms 
achieving these growth outcomes by training and validating logistic models on 70% of 
the data and testing these models on a reserved 30% of the data. We then measure the 
quality of entrepreneurship using two key metrics: The Entrepreneurial Quality Index 
(EQI) and Regional Entrepreneurship Cohort Potential Index (RECPI). We examine the 
spatial distribution of entrepreneurial quality in India, compare results to the U.S. based 
on these metrics, and propose directions for future research.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
1. INTRODUCTION  
 
Understanding and comparing the quality and quantity of entrepreneurship across 
regions is an important and active area of research in management science and 
economics (Guzman 2018, Guzman and Stern 2016, Sorenson and Stuart 2001). 
Foundational studies developing new methodologies in this area have made important 
progress towards quantifying high-growth entrepreneurship and entrepreneurial quality 
across regions of the United States (e.g. Guzman and Stern 2015a, b). Further studies in 
this vein, however, are needed for other large economies around the world, particularly 
India and China, where technology-based entrepreneurship is growing in its economic 
impact and global importance (Kenney et al. 2013, Manimala and Wasdani 2015, 
Sahasranamam and Sud 2016). Given the growing role of entrepreneurship for 
economic output and employment in India, China, and other emerging economies, 
characterizing the quality of entrepreneurship and analyzing the micro-geography and 
spatial distribution of startup performance presents an important direction for this 
research agenda. We make progress along these lines by estimating the quality of 
entrepreneurship in India and characterizing the spatial distribution of high-growth 
potential startups. To our knowledge, this is the first study of its kind to focus on 
explicitly quantifying the quality of entrepreneurship in India using two startup cohort-
level measures developed to study these dynamics in the United States, the 
Entrepreneurial Quality Index (EQI) and Regional Entrepreneurship Cohort Potential 
Index (RECPI) (Guzman and Stern 2015a). Further, this is the first study of its kind to 
draw on population-level census data across all 29 states in India data to analyze 
regional variation in the quality of entrepreneurship based on startup growth, map the 
spatial distribution of entrepreneurial quality and growth potential, and identify 
important hubs for high-growth entrepreneurship in India. This study therefore makes 
several methodological and empirical contributions to research on entrepreneurial 
growth and growth dynamics in India. First, it develops new measures of growth 
outcomes to calculate regional EQI and RECPI, looking specifically at firm-level 
employment growth and firm-level transitions to publicly-traded company status (i.e. 
growth through initial public offerings (IPOs)). Second, this study estimates differences 
in the quality of entrepreneurship based on a novel set of quality measures appropriate 
to the Indian context: firms’ cluster membership, spatial location within large 
metropolitan areas, and original purchase value of assets. As industry clusters are a 
dominant feature of the Indian economy and of regional entrepreneurial ecosystems 
(Bresnahan 2001, Ranganathan 2017), their inclusion is crucial for understanding 
growth outcomes among startup firms. This approach enables us to quantify 
entrepreneurial quality as a function of both tangible factors, such as capital investment 
(Majumdar 2007, Thakur 1999), and intangible factors, such as the opportunity for tacit 
knowledge transfer through geographic proximity (Delgado et al. 2010, Sorenson and 
Audia 2000). Third, we characterize the spatial distribution of high growth potential 
entrepreneurship in India, based on EQI and RECPI, and identify key regions with high 
growth entrepreneurship based on these measures. Finally, we compare our results to 
Guzman and Stern’s (2015) analyses for the United States, and offer fruitful directions 
for future research in this area.  
 
 
 
 
2. DETERMINING ENTREPRENEURIAL QUALITY IN INDIA  
 
2.1 Definition of Entrepreneurship  
 
The measurement of entrepreneurship has historically been a challenge. Part of the 
challenge stems from the definition of entrepreneurship, specifically, whether 
entrepreneurship defines activities toward developing a business, which may or may not 
result in the creation of a new company, or whether it defines the creation of new 
companies or enterprises (Fairlie and Fossen 2018, Shane and Venkataraman 2000). 
Indeed, depending on how one defines entrepreneurship, it can encompass both 
informal modes of organizing (Assenova 2018, Assenova and Sorenson 2017, Webb et al. 
2009), and formally registered companies (Wennekers et al. 2005, Wong et al. 2005). 
Despite these myriad definitions, there has been a growing consensus that growth 
entrepreneurship involves company registration (Assenova and Sorenson 2017, Guzman 
and Stern 2016, Wong et al. 2005). Indeed, studies of entrepreneurial growth have 
focused almost exclusively on “formal” (registered) small and medium sized enterprises 
(SMEs), typically drawing on government registries (e.g. Guzman and Stern 2016). 
Consistent with these studies, we therefore define entrepreneurship as the creation of 
formal SMEs.  
 
2.2 Measurement of Entrepreneurial Quality in the U.S. and Beyond 
 
Guzman and Stern (2015a) established a methodology for measuring entrepreneurial 
quality, based on a cohort-level analysis (where cohorts are defined by region and firm 
age) of entrepreneurship across 34 U.S. states over 1988-2014. This study was 
significant not only in developing a methodology for quality measurement, but also for 
drawing the initial conclusions on the relationship between start-up quality, business 
dynamics, and economic growth outcomes. This analysis and methodology laid the 
groundwork for further studies of the spatial distribution and quality of 
entrepreneurship in the United States (Guzman and Stern 2015b, 2016), and dynamics 
of entrepreneurial mobility and location choice (Guzman 2018). Looking beyond the 
United States, other notable studies have found a similar relationship between 
entrepreneurial quality and economic growth to those found by Guzman and Stern 
(2015a). In their study of 121 European Union regions between 2012 and 2014, Szerb et. 
al. (2018) compared the effects of entrepreneurial quantity and entrepreneurial quality 
on differences in regional economic performance. These authors found that the quantity 
of entrepreneurship was negatively associated with regional economic performance. Yet, 
the reverse was true for entrepreneurial quality. Szerb et. al. (2018) attribute these 
results to regional differences in entrepreneurial ecosystems, arguing that regions with 
weak entrepreneurial ecosystems and low policy-support for entrepreneurship rely on 
high-quality entrepreneurship to channel innovation and resources into the local 
economy. The key finding from this study – that the quality of entrepreneurship is 
positively associated with regional economic performance – is significant in illustrating 
that the relationship between entrepreneurial quality and regional economic 
performance is significant outside of the U.S. Although the importance of 
entrepreneurial quality has been illustrated in developed economies in the U.S. and 
Western Europe, the case for the developing world may even be stronger. A study by Acs 
et. al. (2018) illustrates that opportunity-driven entrepreneurship (starting a business to 
exploit potential opportunities) was positively associated with economic development in 
11 developing countries, whereas necessity-driven entrepreneurship (starting a business 
out of necessity) had no effect on economic development. The study showed that not all 
forms of entrepreneurship have equal effects on economic development. To further 
understand the consequences of the effect of entrepreneurship, it is imperative to 
unpack these variances in effects. 4 Looking more broadly at the goals of 
entrepreneurship, both within and outside the U.S., scholars have identified that job 
creation and employment growth remain central concerns. Yet, using employment 
growth as a measure of successful entrepreneurship has been contested and debated in 
prior research. In their study of entrepreneurs’ motivations for starting new companies, 
Hurst and Pugsley (2011) found that innovation is rarely a motivation for most 
entrepreneurs. In fact, these authors found that most start-ups intend to act as an 
ancillary unit, providing an existing service to an already existing market. This is an 
important finding and consideration, because it illustrates that some businesses may not 
achieve a perceived “growth outcome” simply because the founders do not want to enter 
a new market. Thus, studies interested in measuring and quantifying the quality of 
entrepreneurship need to account for the inherent motivations of the founders in 
deciding upon the growth outcomes measured.  
 
2.3 Entrepreneurship Literature focusing on India  
 
Much of the existing literature on entrepreneurship in India has focused on the barriers 
to entrepreneurship in India, as a location choice and as an economy. A large body of 
academic research in this area has sought to understand the regional qualities that deter 
or promote entrepreneurship in the region. In a study on the manufacturing and service 
enterprises in India, Ghani et. al. (2012) develop a model to explain the factors affecting 
entrepreneurial entry at the district level in India. The study finds that the physical 
infrastructure quality and local education levels play the most significant role in 
promoting entrepreneurship. The authors argue that the relationship between physical 
infrastructure, local education, and local entrepreneurship is stronger than that seen in 
the United States. From explorations of the 2001 census, these authors find that high 
levels of education in a district promote entrepreneurship and self-employment. The 
study details several human capital variables and assesses the effect of these variables 
on the rate of entry into entrepreneurship. This study was also one of the first 
contributions to the academic literature on explaining the factors that affect entry into 
entrepreneurship in India. Ghani et. al. (2012) also uniquely contribute to 
entrepreneurship research in India by assessing the extent to which existing industries 
and incumbents contribute to district-level variation in entrepreneurship. These authors 
apply arguments from agglomeration economics to develop a model of how the quality 
of an 5 incumbent industry affects entrepreneurial entry rates in the same geographic 
area. Ghani et. al. (2012) find a significant positive effect of incumbent industries on 
entry rates. Their argument is that the presence of incumbent industries increases 
employment rates and promotes entrepreneurship in the area. Another significant focus 
of entrepreneurship research focusing on India is the financing structures that exist for 
entrepreneurs and small businesses, extending from microfinance institutions to 
venture capital. A field experiment conducted by Field et. al. (2010) indicates that 
although credit availability has been a barrier for women historically, the reason may lie 
in the lower returns on investment seen for female-led ventures in general. The lower 
return on investment may be indicative of entrepreneurial quality among entrepreneurs 
in different social and cultural castes. The differences are stark and could be an 
important factor in explaining potential variance in entrepreneurial quality in India. 
Thus, estimating regional differences in entrepreneurial quality can enable exploration 
of the root causes for differences, such as social inequality.  
 
3. DATA  
 
To estimate the quality of entrepreneurship in India, we used population-level data from 
the fourth all-India census conducted in 2006-2007 comprising all registered micro, 
small and medium enterprises (MSME).1 These data were collected by the Government 
of India Development Commissioner for Ministry of Micro, Small and Medium 
Enterprises, starting in 2006 until 2009, and published in 2011-2012. The census 
included a collection of data from both the registered (“formal”) and unregistered 
(“informal”) sectors. For the purposes of our study, we restricted our analyses to firms in 
the formal sector, comprising 1,542,555 registered companies spanning all 29 states in 
India. This ensured a uniformity of the sampling frame and methodology. We further 
limited our analysis to companies for which the year of “birth,” defined here as the year 
of registration with the Indian government, was known. This restriction was necessary 
given the quality measures in our study, to be able to compare the quality of firms of the 
same age. The final dataset comprised 1,478,856 registered companies with known 
registration dates. Given the impressive granularity of the data, each company can be 
studied on an individual level.  
 
A detailed summary of each variable available in the dataset can be found in Appendix 
A1.2 However, some key variables used for analyses are explained in further detail 
below:  
 
Organizational Type: Each company is registered under one of six main categories: 
Proprietary, Partnership, Private Company, Public Company, Cooperatives or Other. 
This is the variables used to determine whether the company has achieved the ‘Public’ 
corporation status.  
 
Cluster Status: The MSME codes whether a company is in a cluster. A cluster is 
identified as a group of companies, in a similar geographic area (town/village) that is 
producing/providing/rendering the same/similar type of product/service.  
 
                                                
1 The full methodology and sampling frame description are accessible at: 
http://www.dcmsme.gov.in/ito_msme/censuses.htm 
2 All definitions for variables for this dataset were determined by the India MSME in 2006—2007, at the time of the 
census. The definitions for these variables were published in the ministry’s national census report.  
Original Purchase Value of Assets: This is a self-reported value of the original value of 
assets at the time of the company birth.  
 
Ancillary Unit: The MSME codes whether a company is an ancillary unit. An ancillary 
unit is defined as a company that utilizes no less than 50% of its products or services to 
supply to other enterprises, who themselves are SMEs as well. District Type: Each 
company’s location is classified as rural or urban, based on the population of the district 
in which the company is located.  
 
4. METHODS 
 
 We followed the methodology established by Guzman and Stern (2015a) in defining a 
growth outcome for the company and defining a set of company characteristics, 
observed at the time of company birth, to estimate the quality of entrepreneurship. For 
the purposes of our study, we define two classes of firm-level growth outcomes: 
attaining “public” status and achieving a set employee growth rate. Achieving “public” 
status was measured as a binary variable indicating whether a company became listed as 
a public corporation within a defined time frame after its “birth,” defined as the date 
when the company was registered with the government of India. We tested and 
compared several models with 5-year, 10-year, and 15-year timeframes, as described 
below. Our second outcome, the employee base growth rate, was a binary variable that 
captured whether a company had achieved an employee growth rate greater than five 
new employees added per year within a defined time frame after its birth. We estimated 
the probability of these growth outcomes based on a set of firm-level characteristics 
capturing the growth and productivity potential of these firms. These characteristics 
were: Original Purchase Value of Assets and Machinery, Cluster Status, and District 
Type. The Original Purchase Value of Assets and Machinery variable captured the 
original purchase price of a company’s assets and machinery at the time of acquiring 
these assets, in Indian rupees. Cluster Status refers to whether a firm was in an area 
where most firms produce similar goods or services. The Cluster Status was also a 
function of whether the company was in an area where one industry was dominant in 
economic production. The District Type variable captured whether the company was in 
an urban or rural district. Using the estimated probabilities of these growth outcomes, 
we then computed the Entrepreneurial Quality Index (EQI) and the Regional 
Entrepreneurship Cohort Potential Index (RECPI) measures developed by Guzman and 
Stern (2015a), as described below. 
 
4.1 Models  
 
4.1.1 Estimating Entrepreneurial Quality  
 
We used logistic regression models to estimate these probabilities based on standard 
statistical practices of splitting the data into a 70% combined training and validation set 
and a 30% testing set. Using this approach, we estimated the probability of achieving 
the specified growth outcome for each firm i  in region r at time t:  
 𝜃",$ = 1000	×	𝑃 𝑔",$ 𝑋-,",$ 	 1  
where 𝑋𝑖,𝑟,𝑡 was the set of firm-specific characteristics, as noted above. We used the 
estimated probabilities for these growth outcomes to calculate the EQI for a cluster of 
companies in each region r at time t as: 
 𝐸𝑄𝐼",$ = 	 1𝑁",$ 𝜃",$ 	 2  
 
Following the approach of Guzman and Stern (2015a), we then calculated the RECPI by 
multiplying the number of companies in a region-year cluster by the EQI to determine 
the expected number of growth outcomes in the cluster in each region r at time t as:  
 𝑅𝐸𝐶𝑃𝐼",$ = 	𝑁",$	×	𝐸𝑄𝐼",$		 3  
 
4.1.2 Estimating Growth Outcomes  
 
“Public” Status as a Growth Outcome 
 
To estimate the probability of achieving “public” status as a growth outcome, we 
conducted logistic regression analyses using the universe of private companies that were 
t-years old or younger, where t measured the timeframe for achieving public status 5 
years, 10 years, and 15 years after birth. The model was mathematically defined as: 
 log p(x)1 − p(x) = 	α + 	β(x) 
 
 
where g1 defines the growth outcome of achieving public status within t-years of birth, 
defined as: 
 𝑔D = 	 1	𝑤𝑖𝑡ℎ	𝑝(𝑥)0	𝑤𝑖𝑡ℎ	1 − 𝑝(𝑥) 
 
 
The mean age of firms in our data was 21.5 years, and the mean age of firms that 
achieved “public” status by census year 2006 was 11.3 years. Approximately 6,523 firms 
(about 0.44%) in our data became public corporations.  
 
Achieving “Public” Status within 5-Years of Birth. 
 
 Of the 6,523 firms in our data became public corporations, 1,878 public companies 
(about 28.7% of all public companies) were 5-years old or younger at the time of the 
census. Within the same period, 456,495 private companies were 5-years old or 
younger. Our model was trained and validated on these 1,878 public companies (i.e., 
those that achieved the growth outcome), the private companies older than 5 years old 
(i.e., those that did not achieve the growth outcome), and the remaining public 
companies over 5 years old (i.e., those that did not achieve the growth outcome), for a 
total training and validation dataset comprising 1,022,361 companies.  
 
Achieving “Public” Status within 10-Years of Birth.  
 
In the data, 3,505 public companies were 10 years old or younger at the time of the 
census, which compromises approximately 53.7% of the public company database. Our 
model was trained on these 3,505 public companies (i.e., those that achieved the growth 
outcome), the private companies older than 10 years old (i.e., those that did not achieve 
the growth outcome), and the remaining public companies over 10 years (i.e., those that 
did not achieve the growth outcome), for a total combined training and validation 
dataset of 660,615 companies. The median age of the private companies was 9 years and 
most private companies were between 5-10 years old. Following standard statistical 
practice, 70% of the combined training and validation dataset was used to train the 
model, and 30% of the combined training and validation dataset was used for model 
validation. The universe of private firms 10 years old or younger comprised our testing 
dataset (i.e., the companies that may achieve public status within 10 years).  
 
Achieving “Public” Status within 15-Years of Birth.  
 
In the data, 4,823 public companies were 15 years old or younger at the time of the 
census, which compromises about 73.9% of the public company database. Our model 
was trained on these 4,823 public companies (i.e., those that achieved the growth 
outcome), the private companies older than 15 years old (i.e., those that did not achieve 
the growth outcome), and the remaining public companies over 15 years (i.e., those that 
did not achieve the growth outcome), for a total combined training and validation 
dataset of 382,999 companies. Employee Base Growth Exceeding 5 Employees per Year 
as a Growth Outcome. We defined the second kind of growth outcome as a firm 
achieving growth in its employee base of 5 or more new employees per year. This 
measure was calculated as:  
 𝑔I = 	 𝑒-,",$𝑡 − 𝑡K	 
 
where eM,N,O	was the number of employees of firm i  in region r at time t and t - t0 was the 
number of years since the firm’s birth at t0. Note that we could measure this rate only 
for firms that were older than one year at the time of the census. Our testing dataset for 
this measure therefore included firms that were less than one years old, since we could 
not observe whether these firms had achieved the growth outcome yet. Therefore, our 
subsequent models predict the probability of achieving the growth outcome for these 
firms. In our data, there were 36,412 firms that were less than one years old at the time 
of the census, or about 2.46% of all companies in our data. The mean number of 
employees was 5.26 employees per company. A total of 41,569 firms, or about 2.81% of 
those in our data, achieved a growth rate in their employee base of 5 or more new 
employees per year. 
 
 
5. RESULTS  
 
We present the results from our main analyses in Table 1. The dependent variable in our 
models is whether a firm achieved one of four defined growth outcomes: (i) public 
company status within 5 years of 10 birth (model (1)), (ii) public company status within 
10 years of birth (model (2)), (iii) public company status within 15 years of birth (model 
(3)), and (iv) achieving employee growth rate of 5 or more new employees added on 
average per year (model (4)). All coefficients are based on logistic regression models.  
 
Table 1: Logistic Regression Models Predicting Firm Growth Outcomes 
 
 
 
 
Beginning with model (1), we find that a firm’s cluster status (being part of a cluster) 
was associated with a 57 percent higher probability (=exp(0.289)/1+exp(0.289)) of 
achieving public company status within 5 years (b=0.289,  p < 0.001 , model (1), Table 
1). Further, we find that a one percent increase in the original purchase value of assets 
was associated with a 62 percent higher probability of achieving public company status 
(b=0.470, p < 0.001, model (1), Table 1). We find similar results for models (2)-(3), with 
cluster status being associated with between 58-59 percent higher probability of 
achieving public status, higher investment in assets being associated with 62 percent 
higher probability of going public, and being in an urban district being associated with 
35 percent lower probability of going public. In model (4), we find that investment in 
assets was associated with 66 percent higher probability of employment growth 
(b=0.649, p < 0.001, model (4), Table 1), urban district location associated with 33 
percent lower probability of employee growth (b=-0.686, p < 0.001 model (4), Table 1), 
and being an ancillary unit associated with 52 percent higher probability of employee 
growth (b=0.095, p < 0.001, model (4), Table 1). We also report in Figure 1 the ROC 
curves for our model parameters, plotting the true positive rate (Sensitivity) on the y-
axis as a function of the false positive rate (100-Specificity) on the x-axis. These curves 
show a high true positive rate for our models, indicating that the models capture true 
growth outcomes.  
 
 
Figure 1: ROC Curves for the Predictive Models of Growth Outcomes 
 
 
 
We also compare the quality of entrepreneurship as measured RECPI and EQI across 
regions and identify leading hubs for high-growth entrepreneurship in Figures 2 and 3. 
As these figures show, most of the high-quality entrepreneurship in India appears to be 
based around Mumbai and its surrounding areas, around the southeast coast of India 
bordering the Bay of Bengal, and in northwestern India, around New Delhi.  
 
 
Figure 2: Quality of Entrepreneurship in India by District 
 
 
 
 
 
 
 
 
 
Figure 3: Quality of Entrepreneurship in India by District as Measured by RECPI, Top 
Districts 
 
 
 
Finally, we ranked the leading hubs for high-growth entrepreneurship in India in Table 
2. As shown, the states with the most growth-potential startups were Maharashtra and 
Gujarat. Maharashtra is home to Mumbai, India’s largest city by population and home 
to 52 engineering colleges and universities, including the Indian Institute of Technology 
(IIT) Mumbai, while Gujarat is home to Ahmedabad, which houses the Gujarat Science 
City, and the Gujarat International Finance Tec-City. These spatial patterns suggest that 
high-tech hubs and leading educational centers are ecosystems associated with high-
growth entrepreneurship. These findings are strikingly similar to findings about the 
spatial distribution of high-quality entrepreneurship in the U.S., as documented by prior 
studies (Guzman and Stern 2015a, b, 2016, Sorenson et al. 2016). In the United States, 
there is a coastal effect in entrepreneurship, with major hubs such as the Route 128 
corridor (Cambridge and Boston) and Silicon Valley (San Francisco), located on the east 
and west coast of the United States, respectively. Further, these cities (Cambridge and 
San Francisco) are also home to two of the best engineering schools in the country, MIT 
and Stanford University, respectively. Our findings in India similarly show a “coastal” 
effect, and an “elite engineering school” effect in the spatial concentration of high-
quality entrepreneurship. We believe that both results are an artifact of city settlement 
patterns, as most old and large cities in India and the U.S. were historically established 
along the coasts for easy access to seaports and trade.  
 
Table 2: Top Hubs for Entrepreneurship in India, based on EQI and RECPI 
 
 
 
 
6. DISCUSSION  
 
We found that startup characteristics at or near the time of founding predicted 
differences in firm growth outcomes across regions in India. We investigated two growth 
outcomes: the probability of going “public” and the probability that a firm achieved 
employment growth of five or more new employees per year on average. We found that 
regional variation in startup characteristics at the time of birth predicted district level 
differences in these high-growth outcomes. Entrepreneurial quality measurements such 
as these provide insight into the rate at which local entrepreneurship can promote 
economic growth in developing economies such as India. Entrepreneurship 12 has been 
widely studied as a mechanism for increasing economic growth, however with our 
measurement of entrepreneurial quality in India, future studies can explore this 
relationship further to understand what factors most strongly affect firms’ 
characteristics at founding. We believe that such studies will be useful for uncovering 
regional variation in employment growth and value creation from entrepreneurship, 
and its human capital, technological, and ecosystem antecedents.  
 
 
7. CONCLUSION  
 
Small businesses and local entrepreneurship have had dynamic roles in 
promoting rapid growth, poverty alleviation and job creation in India, all of which are 
key goals for entrepreneurship in any developing country. The work of Ghani et. al. 
(2012) illustrated this pattern for the manufacturing sector in India since 1990: the 
greater the rate of entry into entrepreneurship for a specific region, the stronger the 
local job growth over the next two decades. Increasingly throughout the 21st century, 
local government bodies have aimed to implement policies that promote 
entrepreneurship and increase the number of small businesses across India. However, 
the question remains on whether simply increasing the quantity of companies will lead 
to sustainable economic growth for the country. This idea that the quantity of 
entrepreneurship may not be the underlying solution to sustainable economic growth 
has been increasingly influential to the policy debate, as seen in the pioneering studies 
of Szerb et. al. (2018) and Guzman (2018). Several attempts have been made, both 
within and outside the United States, to measure and asses entrepreneurial “quality,” as 
a measure to understand the impact that start-ups may have on the economy. Building 
on Guzman and Stern (2015), we extended the EQI and RECPI methodology to the 
context of India to determine and investigate the regional variance in entrepreneurship 
across the nation. Given that this is one of the first analyses of entrepreneurial quality in 
an emerging economy, we believe that it holds significance in extending the 
methodology of Guzman and Stern (2015) to emerging economies and thereby enabling 
comparisons to developed economies.  
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